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Abstract

Recent studies show that deep reinforcement learning (DRL)
agents tend to overfit to the task on which they were trained
and fail to adapt to minor environment changes. To expe-
dite learning when transferring to unseen tasks, we propose a
novel approach to representing the current task using reward
machines (RMs), state machine abstractions that induce sub-
tasks based on the current task’s rewards and dynamics. Our
method provides agents with symbolic representations of op-
timal transitions from their current abstract state and rewards
them for achieving these transitions. These representations
are shared across tasks, allowing agents to exploit knowledge
of previously encountered symbols and transitions, thus en-
hancing transfer. Empirical results show that our represen-
tations improve sample efficiency and few-shot transfer in a
variety of domains.

1 Introduction

Reinforcement learning (RL) methods, especially deep RL
(DRL) methods, have shown impressive capabilities in a
wide variety of problems (Chen, Xu, and Agrawal 2021;
Schrittwieser et al. 2020). However, recent studies show that
these algorithms have difficulty adapting to even the slight-
est variations in the agent’s objective or environment dynam-
ics (Danesh and Fern 2022; Agarwal et al. 2020; Zhang et al.
2018; Leike et al. 2017). Adapting quickly to new tasks is
imperative in real-world scenarios, such as robotics (Dunion
et al. 2023a,b) and healthcare (Tseng et al. 2017), where
agents reside in a dynamic world with ever-changing ob-
jectives and constraints. Consequently, agents require many
interactions with the environment to learn to perform new
tasks despite having mastered similar ones. The problem is
exacerbated for tasks with sparse reward signals (Gupta et al.
2022) and long-term dependencies between actions (Lang-
ford 2018).

Example 1 A housekeeper robot learns to do multiple tasks,
one of which is to make coffee in a mug. Next, the robot is
tasked with making coffee in a glass, something it has never
attempted. The two tasks are similar in that they interact
with many of the same objects (e.g. coffee, spoon, etc.) and
perform identical subtasks (e.g. boil water, fill cup, etc.). The
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robot is expected to use its experience in making coffee in a
mug to learn to achieve the new task more quickly.

A contextual MDP (CMDP) (Langford 2017; Hallak,
Di Castro, and Mannor 2015) models settings like Exam-
ple 1 as a collection of tasks in the same environment, where
each task is represented by the current context. CMDPs have
been used in recent work that aims to improve zero-shot
transfer capabilities, i.e., solving new tasks after training on
a subset of them (Benjamins et al. 2022; Hallak, Di Castro,
and Mannor 2015). In contrast, we aim to improve few-shot
transfer, in which the agent may continue training on previ-
ously unseen tasks with the objective of minimizing the ad-
ditional training required to achieve desirable performance.

One of the key challenges when using a CMDP to model
transfer learning settings is finding a concise way to repre-
sent the current context while maximizing transfer capabili-
ties. For this, we take advantage of reward machines (RMs)
(Toro Icarte et al. 2018), state-machine-based abstractions
that represent the structure of the reward function and the
dynamics of a task and its subtasks. Transitions between
abstract states in the RM occur when certain facts, repre-
sented as binary symbols, hold true. As the agent traverses
the environment, it keeps track of these facts and its current
RM state. Camacho et al. (2021) used RMs by providing the
agent with the current abstract state and showed that this can
expedite learning on a single task. In contrast, we leverage
RMs to improve transfer to new tasks.

Our novel technique, called Contextual PRE-Planning
(C-PREP), takes as input a CMDP and an RM genera-
tor function that represents contextual information through
task-specific RM abstractions with shared symbolic repre-
sentations. Given a task, C-PREP finds an optimal policy in
the corresponding RM abstraction and gives the agent the
next desired abstract transition according to that policy as
additional input. Furthermore, C-PREP uses the RM by re-
shaping the reward function according to abstract state tran-
sitions within the RM, thus highlighting important transi-
tions throughout learning. When transferred to a new task,
the agent can exploit abstract transitions that it has encoun-
tered during training and needs only to adapt to symbols
with which it has not previously interacted.

We empirically evaluate C-PREP in various environments
with sparse rewards and varying difficulties. In our experi-
ments, a DQN agent (Mnih et al. 2015) is initially trained
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on a collection of source contexts. Subsequently, we transfer
the policy network to a different set of target contexts, where
it undergoes further training and evaluation. We observe an
improvement in few-shot as well as zero-shot transfer per-
formance when using C-PREP compared to other context
representation methods. The performance gap grows as the
problem difficulty increases, with improvements of 22.84%
to 42.31% in time-to-threshold (few-shot transfer), and from
11.86% to 36.5% in jumpstart (zero-shot transfer) for the
most complex tasks compared to the next best baseline.

2 Background

Reinforcement learning (RL) is a method for agent learn-
ing through experiencing the world, acting within it, and
receiving rewards (both positive and negative) for achiev-
ing certain states or state transitions. RL problems com-
monly model the world as a Markov decision process
(MDP) (Bellman 1957) M (S,A,T,R,~) where S
is a set of possible states, A is a set of agent actions,
T :S8xAxS — [0,1] is the state transition func-
tion, R : S x A x S — R is the reward function, and
is the temporal reward discount factor. The objective is to
find a policy 7* such that: 7* € argmax, E[J(7)], where
J(ﬂ—) = E5t75t+1NT§atN7T [Z?io ﬂth(sta at, 5t+1)] is the ex-
pected return of policy 7.

In this work, we focus on transfer learning (TL), which
is the improvement of learning a new task through the trans-
fer of knowledge from a related task that has already been
learned (Torrey and Shavlik 2009). We model a collection of
MDPs using a contextual MDP (CMDP) (Hallak, Di Cas-
tro, and Mannor 2015), a 4-tuple (C, S, A, M) where C is
the context space, S and A are state and action spaces, and
M is a mapping from a context ¢ € C' to an MDP M., con-
sisting of S and A but with distinct transition and reward
functions, that is, M, = (S, A, T., R.,~). We sometimes
refer to context-induced MDPs as “tasks”, and to the shared
S and A as the “environment”. In Example 1, C'is the set of
all house chores, S and A are the state of the house and the
agent’s capabilities, and M maps a chore ¢ to an MDP M,
that corresponds to completing the chore.

Fig. 1a depicts the general flow of transfer learning over a
CMDP. The input is the observed MDP state and the current
context. Optionally, the state representation is processed by
a feature extractor to be represented as a vector. The con-
text is represented via a context representation function that
maps a context to a vector representation. The state repre-
sentation is merged with the context representation (usually
by concatenation), and the new representation is fed into a
policy network that will determine the next action.

Kirk et al. (2021) distinguish between two categories of
context representations. The first type, known as control-
lable context representations (CTL), includes the necessary
information to generate the MDP, which can be thought of as
a transparent implementation of the environment generation
process (implemented in M). The second type, procedural
content generation context representation (PCG), conceals
the MDP variables and only reveals information about the
context identity, operating as a black box with no insight
into the generation process.
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Given a CMDP (C, S, A, M), transfer learning algo-
rithms attempt to leverage knowledge from interactions with
a set of source contexts Cy. C C to improve learning in a
set of rarget contexts Ciy, C C such that Cye N Cige = 0.
In Example 1, Cy, is the set of contexts representing the
chores it learns to do, including making coffee in a mug.
Making coffee in a glass is a context in Cly. Policies learned
after training in Cy.. and Cig from scratch are the source
policy and the farget policy, respectively. The policy learned
on Ciy after training in Cy is the transferred policy. Given
a distribution ¥ over C, the objective is to optimize a cho-
sen transfer utility U in expectation over sampled source and
target context sets. Transfer utilities of interest in this work,
suggested by Taylor and Stone (2009), are jumpstart (JS),
time to threshold (TT), and transfer ratio (TR). JS measures
(zero-shot transfer) performance on the target contexts with-
out additional training. TT measures the number of train-
ing steps taken until convergence to a policy of acceptable
performance threshold (few-shot transfer). TR measures the
ratio of rewards accumulated over time by the agent using
knowledge transfer against the agent that is trained from
scratch, that is, how much the agent benefits from transfer
(transfer relevance). Precise calculations are in Appendix F.

Reward machines (RMs) (Toro Icarte et al. 2018) are
state machine abstractions of MDPs. Given a set of proposi-
tional symbols P, an RM is a 3-tuple R = (U, &, 6,-) where
U is a set of abstract states, and 6, : U x 2P — U and
5, : Ux 2P — R are the abstract transition and reward func-
tions, respectively. Given the current abstract state u € U
and a subset of propositional symbols [ C P that hold true,
0 (u, 1) is the next abstract state and J,.(u, () is the reward
received for this transition. When §,,(u,l) = v, I is called
the abstract transition label from u to u'. To connect be-
tween the abstraction and the underlying MDP, P is coupled
with a transition labeling function L : S x A x S — 2F
that maps state-action-state transitions in the MDP to ab-
stract transition labels in the RM.

Fig. 2a textually describes an RM for the task of making
coffee in Example 1. It defines abstract states ug to ug that
each represents a high-level stage within the task of making
a cup of coffee. The RM dictates that the agent must first boil
some water, then put the coffee in the cup, and finally pour
boiling water into the cup. These relationships are graphi-
cally visualized in Fig. 2b.

The main benefits of RMs are that they represent transi-
tions between abstract states using binary symbols that per-
tain to the state of the underlying MDP (through L) and pro-
vide dense rewards via reward shaping. As a result, an RM
corresponding to some context divides its induced task into
sub-tasks that each describe a stage in the process of solv-
ing the overall task, rewarding the agent upon completion
of each sub-task. To employ sensible reward shaping, we
use potential-based reward shaping (Ng, Harada, and Rus-
sell 1999) which, given a potential function ¢, defines a new
abstract reward function ¢/.(u, 1) = 8, (u, 1) +v¢ (6, (u, 1)) —
¢(u). Toro Icarte et al. (2022) prove that potential-based re-
ward shaping guarantees that optimal policies in an MDP
for which rewards have been replaced with RM rewards are
optimal using the RM reshaped rewards. Moreover, it is em-
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Figure 1: (a) The general flow of transfer learning with a CMDP. (b) A visualization of the C-PREP context representation
function. Context c is used to generate a task-specific RM.
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Figure 2: (a) A textual representation of the RM in Example 1 describing the Make-Cof fee task. (b) A graph visualization
of the textually defined RM. (c) An expansion of the RM that differentiates between mug and glass receptacles, described in
Section 3.

pirically shown that using RM reshaped rewards can signif- and provide the next desired abstract transition from the cur-
icantly expedite policy convergence for RL agents. rent RM abstract state as contextual input at each timestep.
Essentially, we guide the agent through optimal paths in the

3 Contextual Pre-Planning (C-PREP) for RM with abstract transitions, represented using a set of sym-
Transfer Learning bols that is shared across all tasks. Upon transfer, the agent

can expedite transfer learning by exploiting abstract transi-
tions and leveraging prior knowledge of encountered sym-
bols in the new task. This may be beneficial for learning in
general but is key in transfer settings as it provides reusable
representations between tasks.

We aim to improve transfer in multi-task domains modeled
as CMDPs. Benjamins et al. (2022) proved that the policy
must be conditioned on the context itself to guarantee opti-
mality. Therefore, it is crucial to represent the context such
that the agent can generalize across contexts. For this, we use

RMs to represent contexts and offer a novel way to enhance C-PREP Context Representation Function. Based on
the agent’s ability to exploit its previous experiences in new the above intuition, we propose Contextual PRE-Planning
settings. Since our focus is on exploiting the structure of the (C-PREP) for leveraging information in context-specific
RMs for transfer and not on their generation, we assume RMs!. For each task, C-PREP generates an RM (U, §,,, 6,.)
that the RM generator function is given as input, which can with abstract transitions represented using a shared symbol
be based on domain knowledge, learned from demonstration set, i.e., all RM are defined using the symbol set P. Using
(Camacho et al. 2021), or learned via discrete optimization value iteration (VI) (Bellman 1957), we find an optimal pol-
(Toro Icarte et al. 2019). icy in the RM as if it were a deterministic MDP. We note
Camacho et al. (2021) exploited RMs to expedite learn- that VI is one of many possible choices, but we use it here to
ing in single-task domains by providing the agent with the -
current abstract state. We instead focus on transfer learning !Code: https://github.com/CLAIR-LAB-TECHNION/C-PREP
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compare to previous methods. We then give the agent an op-
timal abstract transition label in the RM from the current ab-
stract state u (as dictated by the RM policy), i.e., a transition
label { such that d,,(u,!) is the next state on a (discounted)
reward-maximizing path in the RM. Intuitively, we wish to
guide the agent towards an optimal path within the RM.

C-PRERP relies on providing the next desired abstract tran-
sition in the RM to the agent. However, since there is no di-
rect representation of actions in the RM, standard VI does
not apply. We, therefore, use a variant of VI, as suggested
by Toro Icarte et al. (2022), with the following update rule
over the abstract states of RM fA.

Vat(u) = max [6:(u, ) + Vot Gu(w, )] (D
where Vi is the value of abstract state u at iteration k (Vg =
0), and 0, (u, !) and 6, (u, [) are the next abstract state and re-
ward received for achieving transition label [ at abstract state
u, respectively. To show the relationship between this rule
and VI for MDPs, we define Mg = <U, 2P T,R, fy> where
T(u,l,0y(u,l)) = 1and R(u,l,u") = 6,(u,l). We observe
that the VI update rule for My, denoted VE is equivalent to
Vaﬁ. Formally,

V*(u) = max T(u, 1w ) (R(u, L) + V(W)

le2P
(<10
=max R(u, 1,8, (u,1)) + V¥ (8, (u,1))

le2P”

= max dy (u, 1) + AWHE (6u(u, 1)) = Vi (u)

Thus, to identify optimal abstract transitions, we can find
an abstract optimal policy in RM R by using VI to find an
optimal policy m* in M.

Given the current abstract state u, from which there may
be multiple optimal abstract transitions, C-PREP samples an
optimal abstract transition / from 7*(-|u). Since 7* is opti-
mal in deterministic MDP My:

supp(n”(-|u)) C arg max (0 (u, 1) + V" (0u(u,1)))

where supp(7*(-|u)) is the support set of probability distri-
bution 7*(-|u). Thus, any transition we sample from 7* is
one that maximizes discounted return in the RM.

Based on the above formulations, the C-PREP context
representation function (depicted in Fig. 1b) operates in a
three-step process: (1) generate an RM R = G(M..) for the
current context ¢, (2) find an optimal policy 7* in Mgy, (3)
at each timestep, sample an optimal transition [ ~ 7*(-, u)
given the current RM abstract state » and return it.

Throughout training, the C-PREP RM generation func-
tion updates its returned representation according to the cur-
rent abstract state. To notify the agent that a correct (or in-
correct) abstract transition has been completed, we provide
additional rewards that emphasize the executed abstract tran-
sition’s quality. For this, we employ potential-based reward-
shaping as defined in Section 2. As it is already calculated,
we use V* as the potential function ¢ to generate the reward
signal that is provided to the agent instead of the original
MDP reward. In the RM described in Fig. 2a, the agent will
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receive a higher reward for transitioning from state g to u;
rather than loop back to itself because this brings it closer to
the abstract goal state.

Transfer Learning with C-PREP The input to our set-
ting includes a CMDP (C, S, A, M) and an RM generator
function G that maps each context-induced task M, to its
corresponding RM G(M.) = (U¢, d¢, §¢) which is defined
over shared symbol set P.

The C-PREP context representation function can be in-
tegrated into any algorithm following the transfer learning
flow depicted in Fig. 1a. Algorithm 1 (Appendix G) demon-
strates an implementation of a DQN (Mnih et al. 2015) for
transfer learning settings using C-PREP as the context repre-
sentation function and RM reward shaping. The key differ-
ences between this implementation and the standard DQN
are that the algorithm initially generates an RM for the sam-
pled context, calculates its state values, and reshapes the RM
rewards. States encountered in the episode are augmented
by the C-PREP context representation according to the RM
transition. Rewards are replaced with the reshaped rewards
from the RM according to the achieved abstract transition at
that timestep.

We note that the ability of C-PREP to support transfer de-
pends on the resolution of the generated RMs, i.e., how well
the generated RMs represent the context space. If the set of
propositional symbols P is too abstract, the generated RMs
do not sufficiently distinguish between contexts. In contrast,
if it is too refined, computation time may increase due to
running VI in huge tables for every context.

In Example 1, when training to make coffee in a mug, the
agent learns to pour water into the mug and should exploit
this capability upon transferring to the task of making cof-
fee in a glass. Fig. 2 shows two different RMs that can be
used to describe this setting. The RM in Fig. 2b does not
differentiate between a mug and a glass, as they are both en-
capsulated by the “cup” symbol C. In contrast, the RM in
Fig. 2c distinguishes between the tasks of making coffee in
amug and in a glass, rewarding the agent only for the former
(when transitioning from u2? to u3). Including both mug and
glass events demonstrates a case with two possible ways to
perform a task, differentiated by the reward function.

4 Empirical Evaluation

The objective of our empirical evaluation is to examine
whether agents using C-PREP exhibit improved perfor-
mance on transfer utilities of interest.

Experimental Setup

Environments: We test our method in four environments
with compound and long-horizon tasks and sparse reward
signals’:

Grid Navigation (GN): An agent must reach a specified
destination on a grid. The state space consists of the agent’s
current location and the action space includes moving in
one of the four cardinal directions and a “done” action to
be called upon arrival at the destination.

2Our code base is described in Appendix 1.
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Multi Points-of-Interest (MP): The agent navigates to mul-
tiple destinations in any order. The state space consists of
the agent’s location and an indicator of whether a certain
destination has already been visited. The action space is as
in GN but with an “arrived” action replacing “done”.
Pick-Up and Drop-Off (PD): An agent picks up and drops
off passengers at their destinations. The state space is as in
MP with indicators for passengers that have been dropped
off at their destinations. In addition to navigation actions,
the action space contains “pick-up” and “’drop-off” actions.
Ordered Navigation (ON): The agent must navigate to
specified destinations in a specific order. The state and ac-
tion spaces are as in MP.

All maps are 6 x 6. At every timestep, the agent receives
areward of 1 when achieving the environment objective and
0 otherwise, and the discount factor is v = 0.99.

Defining the CMIDP Spaces: The environments described
above include pairs of state and action spaces. To define a
CMDP we couple them with the following context spaces:
Entity Location (EL): The context indicates the locations
of core entities in the environment, e.g., passenger locations
and drop-off destinations.

Changing Map (CM): The context indicates the number
and location of walls in the grid.

Point-of-Interest Order (PO): The context indicates the or-
der of the locations to visit.

Each GN, MP, and PD environment is used with both the
EL and CM context spaces. The ON environment is paired
with the PO context space. Contexts are represented using
CTL representations (see Section 2). For full details on CTL
context representations, see Appendix C.

Transfer Session: Each training session begins by ran-
domly sampling two disjoint context sets from the CMDPs
described above; the source set Cy. and the target set Cig.
We adopt “training protocol B” of Kirk et al. (2021) such
that the size of Cy.. is much smaller than the size of the con-
text space. The agent initially trains on tasks induced by Cl
for Ny, steps and then continues its training in Ciy for ad-
ditional Nig steps. We record performance progress during
and after training. For full details see Appendix E.

Context Representations: We vary the RM information
exposed to the agent, using the following representations:

CTL: controllable context representation without RMs
(same baseline in (Toro Icarte et al. 2018)).

CTLA+RS (Toro Icarte et al. 2018): adds dense reshaped
RM rewards to the current context’s reward functions.

CTL4LTLA4RS (Camacho et al. 2021): adds the Last Tran-
sition Label (LTL) as an additional context representation
that is the current assignment of symbols in P.
CTL+C-PREP (ours): adds the C-PREP context represen-
tation: Desired Transition Label (DTL), with RS.
C-PREP (ours): C-PREP context representation without a
CTL context representation

In Appendix A we show additional experiments using
PCG context representations in lieu of CTL.
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Reported Metrics: During each training session, we eval-
uate the source, target, and transferred policies on the con-
text set on which it is trained at 100 uniformly spaced evalu-
ation points. At each evaluation point, we record the policy’s
average return on 50 sampled contexts. Each training session
is repeated 5 times, using different random seeds. From the
computed average returns, we calculate the transfer utilities
defined in Section 2: JS, TT, and TR (see Appendix F for
the formula used to compute these measures). We aggregate
the results using interquartile mean (IQM) and calculate the
standard deviation and stratified bootstrap 95% confidence
intervals (Agarwal et al. 2021). To report results for differ-
ent performance thresholds, we plot the TT as a function
of the threshold. We measure the IQM area under the curve
(AUCQ) of this function, denoted TT 4y ¢.

Results

First, to examine the performance over the entire trans-
fer session, Table 1 shows the interquartile mean (IQM)
and standard deviation of the measured transfer utilities
(TTapc, IS, TR) for all tested configurations using a CTL
context representation. The best results for each CMDP
(row) are marked in bold. Negative TR values that indicate
non-beneficial transfer are italicized.

Our method performed best in terms of 7747 and JS in
all but two CMDPs: (1) in GN (shortest horizon) with both
context spaces (EL and CM), CTL+LTL+RS performs best
in terms of TT4y¢; (2) in GN with EL context space, us-
ing CTL alone performs best in terms of JS (note that GN
with the EL context space has a small context space provid-
ing less data for transfer; see Appendix E). Notably, in PD,
which is the longest horizon task, our method outperforms
all other configurations. Compared to the highest perform-
ing baseline, we see T 4;7¢ improvements of 22.84% in the
context space CM and 42.31% in the context space EL, and
JS improvements of 11.86% in CM and 36.5% in EL. TR
results show low and negative TR values for most configura-
tions. Our method is the only one with positive TR through-
out all tasks. In the PO environment (longest horizon), we
see a performance improvement of over 300% when using
C-PREP compared to the next best configuration.

Next, we examine the achieved threshold performance
throughout training. Fig. 3 visualizes the IQM TT results,
measured in training progress (percentage) as a function of
the threshold, i.e., the curve from which we derive TT 4y ¢.
The shaded areas are stratified bootstrap 95% confidence in-
tervals. Each row corresponds to a context space. Each col-
umn corresponds to an environment. Agents using RS in en-
vironments tested with the CM and EL context show simi-
lar performance in GN, but a performance gap (in favor of
our method) widens as the task horizon grows. In the PO
environment, our method is the only one that can be seen
converging to a high-performing policy.

Appendix A shows results of experiments using uninfor-
mative PCG representations in place of CTL. TT and JS
results are similar to those presented with CTL representa-
tions. TR results show that for all configurations, it is non-
beneficial to use PCG representations for transfer due to se-
vere overfitting. Appendix B presents ablation results that



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Utility | Context Space | Environment CTL CTL+RS CTL4LTL+RS | CTL+C-PREP (ours) | C-PREP (ours)
GN 25.41 +£7.27 6.37 £ 0.71 6.21 + 0.42 6.42 4+ 0.44 42.15 £ 3.95
EL MP 9477 +£6.02 | 4478 £ 12.06 | 19.88 +9.36 18.32 +9.27 86.43 + 1.89
g PD 97.39 £ 1.57 95.18 £3.98 | 37.58 +23.38 21.68 £ 6.55 88.35 + 1.59
gt GN 42.18 £ 1.58 16.30 4 2.35 7.14 + 141 7.64 +1.72 32.98 + 0.68
&~ CM MP 71.90 £ 10.62 | 26.48 + 15.51 14.24 4+ 8.85 13.64 + 8.60 47.74 £ 11.46
PD 86.30 + 18.81 | 54.19 £ 21.64 | 37.52 4+ 25.46 28.95 + 24.15 51.02 £ 15.46
PO ON 98.04 £+ 0.00 95.15 £ 7.66 97.50 £+ 5.59 32.93 +£10.21 22.54 +1.57
GN 0.28 + 0.11 0.06 + 0.06 0.07 + 0.09 0.05 + 0.05 0.01 +0.05
EL MP 0.03 + 0.06 0.26 + 0.15 0.48 + 0.26 0.49 + 0.17 0.01 +0.02
PD 0.02 + 0.02 0.03 + 0.01 0.34 + 0.20 0.38 + 0.12 0.00 + 0.01
2 GN 0.42 +0.03 0.55 4+ 0.06 0.73 £ 0.05 0.75 + 0.08 0.49 4+ 0.06
CM MP 0.23 +0.09 0.49 +0.14 0.66 £ 0.11 0.68 + 0.10 0.42 +0.10
PD 0.08 £+ 0.19 0.28 +0.19 0.38 +£0.27 0.52 + 0.25 0.31 +£0.19
PO ON 0.00 % 0.00 0.00 % 0.00 0.00 % 0.00 0.14 + 0.26 0.75 + 0.02
GN -0.11 +0.10 0.13 + 0.04 0.08 +0.03 0.07 +0.03 0.04 + 0.02
EL MP -0.99 + 0.01 0.24 + 0.08 0.24 +0.18 0.16 + 0.12 0.06 + 0.11
PD -1.00 £ 0.00 -0.99 +0.21 -0.14 £ 0.38 0.14 + 0.09 -0.05 +0.12
ﬁ GN -0.11 £ 0.04 0.08 + 0.04 0.11 + 0.01 0.11 + 0.01 0.08 + 0.04
CM MP -0.85 £ 0.32 0.29 + 0.13 0.26 + 0.06 0.21 + 0.06 0.07 + 0.05
PD -0.94 £ 0.25 -0.06 £+ 0.29 -0.05 £ 0.20 0.06 + 0.19 0.07 + 0.07
PO ON 0.00 4 0.00 2.04 + 6.94° -0.87 + 0.90 0.69 + 0.20 0.31 +£0.03

Table 1: IQM and standard deviation transfer utilities of configurations with CTL. Bold cells indicate best performance in each

row. Italic cells indicate negative TR

show that all components of C-PREP are required to achieve
the best results. Appendix H shows results for additional ex-
periments on sample efficiency (in terms of number of con-
texts) and generalization capabilities of C-PREP using PCG.

Discussion

Results demonstrate that C-PREP improves transfer per-
formance in more complex tasks without hindering perfor-
mance on simpler tasks. As visualized in Fig. 3a, all methods
perform similarly in the GN environment (short horizon),
but C-PREP opens a performance gap in TT that increases
with the difficulty of the environment. The TR results show
that only our method is beneficial for transfer in all tasks,
as is evidenced by the negative TR values reported for all
other configurations. In the PO environment, only agents us-
ing C-PREP achieve a threshold greater than 0.2. Further-
more, since the RM in this case differentiates all tasks, it
is preferable to use C-PREP without CTL. We observe that
the JS performance is approximately 93% of the maximum
achieved performance threshold, which is reached in less
than 20% of the training progress.

We examine the performance of C-PREP using partial res-
olution RMs, i.e., some tasks may be represented with the
same RM. For this, we use C-PREP alone. In the GN, MP,
and PD environments, the agent will achieve a threshold per-
formance of no more than 50% of C-PREP’s performance
with CTL. Fig. 3a shows that C-PREP without CTL achieves
medium to low performance depending on the environment
and context space. We attribute this to the low coverage of
tasks with the partial RM resolution. These RMs (detailed in
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Appendix D) cover approximately 25% of the tasks in GN
and approximately 6% of the MP and PD tasks. We conclude
that C-PREP with partial resolution RMs cannot compensate
for missing contextual information. However, Fig. 3b shows
that in the ON environment, where the RMs are of full res-
olution, it is preferable to use C-PREP without additional
context. We hypothesize that this is due to the large overlap
in contextual data between the C-PREP context represen-
tation and CTL, making the information in CTL irrelevant.
This use of local context illustrates the advantage of solving
the context as a series of smaller, simpler contexts.

We show additional results in experiments using PCG in
place of CTL in Appendix A to examine the case of unin-
formative global context representations. Here, we notice
that in 60% of the runs, it was more beneficial to train
from scratch in Cig than to transfer from Cg.. Fig. 4 in
the appendix visualizes TT performance of PCG configu-
rations and shows hindered performance compared to those
in Fig. 3a that use CTL representations.

Ablation results (found in Appendix B) show the impor-
tance of every component of C-PREP. We notice that both
TTsyc and JS can be improved by up to 12% in five out
of seven tasks by adding the LTL modification to CTL+C-
PREP in the most complex task. We hypothesize that this
will yield an even greater benefit in scenarios where it is
harder to infer the current abstraction label.

Additional results in Appendix H reveal two interesting
capabilities of C-PREP. First, C-PREP is more sample effi-
cient in terms of the number of source contexts it is trained
on, that is, C-PREP needs to train on fewer source contexts
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Figure 3: The IQM TT of configurations using CTL as a function of the threshold (lower is better).

to achieve similar or better transfer performance than other
tested configurations. Second, adding RM information when
using PCG significantly improves generalization capabilities
at the beginning of training. We see a spike in performance
in the first 1M training steps, hinting at the potential of using
RMs for learning generalized state representations.

5 Related Work

DRL agents are susceptible to overfitting to the context in
which they were trained. Leike et al. (2017) show that small
changes to a single detail or obstacle could result in extreme
performance degradation. Danesh et al. (2021) demonstrate
that simple RL agents overfit to the training settings such
that they completely ignore observations. One solution is to
train the agent on a distribution of contexts, rather than a
single one (Zhang et al. 2018). However, once the context
distribution departs from the training distribution, the perfor-
mance drops despite the knowledge obtained during training
(Agarwal et al. 2020). We focus on transferring knowledge
to expedite training in novel tasks.

There are several approaches to improve transfer learning
in DRL. Meta-learning methods (Finn, Abbeel, and Levine
2017; Wang et al. 2017; Duan et al. 2016) “learn to learn”,
thereby expediting the agent’s adaptation to new surround-
ings. Model-based methods (Shrestha et al. 2020; Tamar
et al. 2016) learn an approximate model of the world, where
agents can plan for different contexts using the same model.
Bayes-adaptive exploration (Dorfman, Shenfeld, and Tamar
2021; Zintgraf et al. 2019) learn how to best explore new en-
vironments. Other methods include disentangling latent rep-
resentations in various ways to improve adaptation (Dunion
et al. 2023a,b). All of the above rely on additional explo-
ration to determine the context before learning to solve it.
In contrast, we use contextual information to understand the
task a priori to reduce exploration. Using CMDPs, we view
the context as additional input to the agent (Langford 2017;
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Hallak, Di Castro, and Mannor 2015).

To improve few-shot transfer, our method represents con-
texts as RMs (Toro Icarte et al. 2018). Previous work shows
that RMs can be used to expedite learning of a single fully
observable or partially observable context (Camacho et al.
2021; Vaezipoor et al. 2021). The latter work uses linear
temporal logic, which uses structures similar to reward ma-
chines with time-related constraints. Note that this is abbre-
viated LTL, not to be confused with the last transition label
in this paper. We utilize RMs to represent contextual infor-
mation, resulting in better sample efficiency and few-shot
transfer learning capabilities in multi-context settings.

6 Conclusion

We presented Contextual PRE-Planning (C-PREP) as a
novel context representation function and showed how it
enhances zero-shot and few-shot transfer for DRL agents.
C-PREP exploits RMs by planning on them and providing
the agent with a representation of the next desired transition.
Our empirical evaluation demonstrates C-PREP’s ability to
improve sample efficiency and different transfer utilities, es-
pecially for tasks of increasing difficulty.

To focus on improving transfer using RM representations,
we assumed the RM generation function is given as input.
Future work will include a theoretical analysis of the condi-
tions under which a context representation is guaranteed to
enhance transfer and the development of methods for learn-
ing to generate appropriate RMs. As a second extension, we
intend to examine alternative symbolic representations be-
yond RMs for enhancing learning and transfer, as well as
consider our context representation function’s effect in set-
ting in which options (Sutton, Precup, and Singh 1999; II-
lanes et al. 2020) are used to distinguish between sub-tasks.
Finally, we plan to examine our representation in real-world
settings in which transfer may be beneficial.
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